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Abstract

The accurate representation of 3D faces is beneficial to various computer vision and graphics ap-
plications. However, due to data discretization and model linearity, it is still challenging to obtain
accurate identity and expression cues in current research. In this paper, we propose a new 3D de-
formable face model to learn a nonlinear continuous space with implicit neural representations. It
constructs two explicit disentanglement deformation fields to model the complex shapes asso-
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ciated with identity and expression respectively, and introduces a neural hybrid field to learn
complex details by adaptively mixing a series of local fields. Secondly, we find that the pose para-
meters can be better disentangled in the network. For the pose transformation during face defor-
mation, we use the Fisher distribution matrix based on the rotation matrix to represent the angle
of the face pose and simulate the uncertainty of the head rotation. Experiments show that our me-
thod has advantages in face detail modeling and pose estimation.
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Figure 1. Parameter regression results
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Figure 6. Templet deformation network structure
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Figure 7. Reconstruction comparison results
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Table 2. Ablation experimental results
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